ABSTRACT This paper proposes an empirical model of RSSI radio map in order to improve the indoor positioning accuracy of Wi-Fi RSSI. First, the signal feature point in RSSI space is proposed based on the indoor RSSI map, which is similar to the geomorphic feature point in a topographic map. Then, we utilize a small amount of the grid points in geometric space to fill the RSSI grid network by using the theory of low rank matrix. Finally, a new algorithm for indoor RSSI radio map reconstruction has been proposed. Both the grid point in geometric space and the signal feature point in RSSI space have been utilized in the reconstruction of the RSSI empirical model, and different types of feature points have been weighted based on their corresponding positioning accuracy. The proposed algorithm was tested by experiments conducted within a room, and the results indicate that the proposed method significantly outperforms the traditional grid network algorithm. INDEX TERMS Empirical model, RSSI radio map, the signal feature point, the grid point.
I. INTRODUCTION
Indoor positioning technology has achieved great advances recently mainly due to the rapid advances in information science and technology. Positioning method based on RSSI (Received Signal Strength Indicator) [1] - [3] has become the mainstream for the advantages of low cost, wide coverage and without additional physical hardware [4] - [6] . It is an important aspect of indoor positioning system to establish the location database. There are two categories: the location fingerprint database with collecting the fingerprint reference point RSSI samples in off-line phase, and the forecast database using the propagation model. The location fingerprint database uses a grid network to establish the RSSI database [7] . The forecast RSSI database is established by a propagation model, and this model needs to be trained with RSSI sampling points. In this paper, in order to improve the indoor positioning accuracy of Wi-Fi RSSI, a new algorithm for indoor RSSI radio map reconstruction has been proposed. Similar to the geomorphic feature point in a topographic map, the signal feature point in RSSI space has been proposed for the RSSI radio map reconstruction. The proposed algorithm will be introduced in part II, and the corresponding performance for indoor location is tested in part III.
II. THE PROPOSED ALGORITHM
In order to get a realistically RSSI radio map, both the signal feature point in RSSI space and the grid point in geometric space have been used in the reconstruction of the RSSI empirical model. The signal feature point in RSSI space closely associates with the indoor environment and its internal structure, which can be obtained from a RSSI empirical model. According to [8] and [9] , all the grid points in geometric space can be calculated with a small amount of RSSI data by using the low rank matrix theory [10] - [14] .
A. RSSI GRID POINTS FILLING WITH LOW RANK MATRIX THEORY
RSSI data on each fingerprint point needs to be sampled in the traditional fingerprint location method, but it is time consuming and manpower consumption. Therefore, compression sensing technology has been proposed [15] - [17] . Compressive sensing provides a new framework for recovering sparse or compressible signals with fewer measurements than that needed by the Nyquist sampling theorem [18] , [19] .
Low rank matrix filling theory is based on the compression sensing, which mainly solves the problem of how to recover the low rank matrix from sparse measurements [20] . Suppose that the target location area is a rectangular area with m × n fingerprint points for RSSI data sampling, then every Wi-Fi access point (AP, also termed hotspot) will form a sampling matrix of signal intensity m × n. Assuming that only a small subset of RSSI sampling points is collected, one needs to reconstruct the two-dimensional matrix of the whole target area. The grid points denoted by solid dot are RSSI sampling points, and the rest points need to be filled with low rank matrix theory, as shown in Figure 1 .
The target area is defined as matrix X, and the number of all grid points is N . In actual sampling, one selects s (s < N ) grid points for RSSI sampling. The observation matrix denoted as matrix B. Therefore, the matrix B is an incomplete matrix with many grid points no-sampling. Then one can establish the relationship between matrix B and matrix X, by using the rank minimization theory of the affine matrix, as
where A is the linear mapping from the matrix X to the matrix B. If one grid point has been sampled, the corresponding RSSI in matrix B is equal to the RSSI of this grid point in matrix X. Conversely, if one grid point has not been sampled, then the corresponding RSSI in matrix B is equal to zero. The convex envelope of rank(X ) on the set {X∈ R m×n : X ≤1} is the nuclear norm of matrix X [20] , as
where σ k (X ) is the k-th singular value matrix X. Therefore, by substituting (2) into (1), the combinatorial optimization has been transformed into a convex relaxation optimization, as
Thus, all elements (RSSI) of matrix B can be filled accurately at a very high probability [20] . Then, one can decompose matrix X by using singular value decomposition as
where, U is an orthogonal matrix of m × m, is a semipositive diagonal matrix of m × n, as
V T is the conjugate transpose matrix of matrix V, which is an orthogonal matrix of n × n. Suppose L = U 1/2 and R = V 1/2 , by substituting into (1), one can get
Since there may have multiple solutions of matrix L and matrix R, one can optimize them by minimizing the Frobenius norm [21] as
In addition, since the sampling RSSI data may contain errors and the matrix in the location area may not fully be a low rank matrix, the model constraint condition has been transformed into a non-constrained model, as
where ω is the weight matrix of the reconstruction error. Finally, one can derive the matrix L and R through the alternate iterative process as follows:
1) The least square method has been adopted to calculate the initial value X 0 of matrix X and its corresponding possible decomposition matrixes. Then one can select a set of decomposition matrix of matrix X randomly as the initial value of matrix L and matrix R.
2) Matrix L is fixed, and matrix R is calculated.
3) Matrix R is fixed, and matrix L is calculated. 4) Repeat step 2, 3 until the target function calculated by formula (8) is convergent.
B. WEIGHT ASSIGNMENT OF NEW NO-OVERLAPPING FILLED GRID POINTS
Once the grid points in geometric space have been filled, there will be overlapping points between the signal feature point in RSSI space and the new filled geometric feature points. For one overlapping point, it has two RSSIs, the sampling RSSI VOLUME 6, 2018 and the filled RSSI. Thus, there is a RSSI difference between the sampling RSSI and the filled RSSI, as
where RSSI sampling i is the sampling RSSI of the i-th overlapping points, RSSI filled i is the filled RSSI of the i-th overlapping points. It is assumed that there are M overlapping points. The sampling RSSI has been used as its RSSI, while the corresponding RSSI difference has been to assign weights of the no-overlapping filled geometric feature points, by
After all the weights have been calculated, one can get the Maximum. Taken the Maximum as the reference, weights have been re-calculated as
where ω MAX is the Maximum of all weights.
C. RSSI RADIO MAP RECONSTRUCTION
Finally, the RSSI empirical model is reconstructed by the signal feature points in RSSI space, the grid points in geometric space and the weighted new grid points in geometric space. The method is similar to the way to establish a DEM (Digital Elevation Model), and one can just use RSSI data to replace elevation data. Therefore, the reconstruction of proposed empirical RSSI radio map adopts a fitting model based on the integral interpolation of TIN (Triangular Irregular Network) in [22] .
To sum up, the flowchart of the proposed clustering algorithm is shown in Figure 2 .
III. EXPERIMENT AND ANALYSIS OF ITS RESULT
In order to evaluate the performance of the proposed algorithm, experiments were conducted in fourth Building of Wuhan University. Figure 3 shows the floor plan of the room 101, where there are 63 points denoted by dot and 6 APs denoted by triangle in the space of 5.2m×3.9m.
The space of interest in each room is divided into grids whose dimensions are 0.65m×0.65m. The sampling rate of 1 s was used to collect the RSSI. The RSSI data for about five minutes at each point have been used as fingerprint database. To ensure consistency, all the data are collected using the same mobile phone. For convenience, an independent coordinate system in each open area is established for position determination purpose. The grid network of 1.3m×1.3 m has been taken as the fingerprint database of the traditional fingerprint method.
A. RSSI RADIO MAP RECONSTRUCTION WITH THE FEATURE POINTS IN RSSI SPACE
According to the Nyquist sampling theorem [19] , the grid network of 0.65m×0.65 m can be taken as the real RSSI radio map of the fingerprint database with network of 1.3m×1.3 m, as shown in Figure 4 . For convenience, we take AP1, AP2, AP3 and AP4 as example in all the figures.
From Figure 4 , we can see that each of the RSSI radio maps contains mutation points. In other words, there may be coarse error in our sampling data. Therefore, one needs to remove these incorrect sampling points based on the experimental environment firstly. In addition, the incorrect sampling point mainly means the non-boundary point. Since the signal intensity at the boundary is more likely caused by multipath. The elimination of the incorrect sampling points is shown in Table 1 .
After removing the incorrect sampling points, the RSSI signal distribution diagram is shown in Figure 5 . From Figure 5 , we can see that the RSSI radio maps have been optimized after eliminating the incorrect sampling points. Then, one can select the feature points in RSSI space from Figure 5 according to the corresponding characteristics of each AP RSSI radio map. The number of the feature points in RSSI space may be different from each AP. The number of the feature points in RSSI space and the corresponding percentage of all points are shown in Table 2 . Then, one utilizes these selected feature points to re-construct the RSSI radio map, as shown in Figure 6 . From Figure 6 , we can see that the RSSI radio map can be outlined roughly with 13∼22 feature points in RSSI space, which is about a quarter of all the grid points in the grid network 0.65m×0.65 m. Considering that only part of the feature points in RSSI space have been used, the reconstructed RSSI radio map cannot be consistent with the RSSI radio map in Figure 5 completely. VOLUME 6, 2018 FIGURE 7. Reconstructed RSSI radio map with the grid points in 1.3m×1.3m grid network. 
B. RSSI RADIO MAP RECONSTRUCTION WITH THE GRID POINT IN GEOMETRIC SPACE
We use the grid points in 1.3m×1.3m grid network to re-construct the RSSI radio map of the fingerprint, as shown in Figure 7 . From the comparison of Figure 7 and Figure 5 , it can be seen that the RSSI radio map reconstructed by 1.3m×1.3m grid is roughly the same as the real RSSI radio map. But the detail of this RSSI radio map is not good, which has a large difference with the sampling value of the real RSSI radio map. Therefore, it is not ideal to reconstruct the RSSI radio map only with the grid points in geometric space.
Ten grid points of the sampling RSSI have been randomly chosen from the RSSI radio map of in 1.3m×1.3m grid network, with ensuring that there have sampling RSSI in each row and in each column. Firstly, we use these sampling grid points to re-construct the RSSI radio map, as shown in Figure 8 . Then, we re-construct the RSSI radio map by using the low rank matrix filling theory, as shown in Figure 9 .
From the comparison of Figure 7 with Figure 9 and Figure 8 , it can be seen that similarity between Figure 9 and Figure 7 is greater than similarity between Figure 8 and Figure 7 . So the RSSI radio map constructed by the low rank matrix filling theory is better than that that of the selected sampling grid points. In addition, there is a mutation in the RSSI radio map of some AP in Figure 10 , which indicates that the RSSI radio map constructed by the low rank matrix filling theory relies on the selected sampling grid points. Therefore, it is necessary to eliminate the mutation point and to select the sampling grid points randomly. Table 3 shows the number and proportion of feature points in each AP, and the original RSSI radio map of all the feature points has been re-constructed with all these feature points directly, as shown in Figure 10 . Then, the RSSI empirical radio map is reconstructed by combining the signal feature point in RSSI space, the grid point in geometric space and the weighted new grid point in geometric space, as shown in Figure 11 .
C. RSSI RADIO MAP RECONSTRUCTION WITH THE PROPOSED ALGORITHM
From the comparison of Figure 5 , Figure 7 , Figure 10 and Figure 11 , we can see that similarity between Figure 11 and Figure 5 is greater than similarity between Figure 10 and Figure 5 , and significantly greater than similarity between Figure 7 and Figure 5 . Therefore, the positioning accuracy of the RSSI empirical radio map is better than that of the fingerprint algorithm. Next, let us to exam the positioning error of the RSSI empirical radio map. Table 4 shows the RSSI sampling information of the fingerprint algorithm and the RSSI empirical model. There are about 60 RSSI sampling points of each AP after removing several mutations. The positioning error is calculated based on the RSSI differences in meters between the reconstructed RSSI and the real RSSI, as shown in Table 5 .
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From Table 4 and Table 5 , it can be seen that the positioning accuracy of the proposed RSSI empirical model is significantly higher than that of the location fingerprint with a slightly bigger data sampling, especially within 0.5 meter. Therefore, the RSSI empirical model for indoor location does have research meaning and application value.
IV. CONCLUSION
This paper proposed a new algorithm for indoor RSSI radio map reconstruction based on the signal feature point in RSSI space and the low rank matrix filling theory. The signal feature point in RSSI space is first proposed in this paper, which is similar to the geomorphic feature point in a topographic map. The RSSI empirical model is reconstructed by combining the signal feature points in RSSI space, the grid points in geometric space and the weighted new grid points in geometric space. The positioning accuracy of the proposed algorithm was tested by experiments conducted within a room, and the results indicate that the proposed RSSI empirical model significantly outperforms the traditional grid network algorithm.
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